because L-band microwaves can penetrate deeper into the vegetation and interact with the main branches and trunks 16 . X-band was considered the least effective for predicting CC in savannahs 15 while C-band did yield positive results 15, 17 though not as effective as L-band data.
Although not known to be adept in sensing three dimensional vegetation structure (e.g.
aboveground biomass), multi-spectral optical sensors are well suited for mapping two dimensional structure such as canopy cover at various spatial scales in tropical forests, savannahs, and shrublands/grasslands 19, 21, 22 . While the SAR technology senses the canopy geometry, the mapping of canopy cover with optical sensors relies mostly on the contrast between the "greenness" of tree canopies and the background with the absorption peaks of the red and reflectance peaks of the green channels playing a big role in detecting this chlorophyll related "greenness". Thus, identifying the time period during the annual vegetation cycle at which a maximum contrast is achieved between green tree canopy and dry grass is important 23 . In addition, textural image products, which provide information regarding the local variance, can be used as a measure of the canopy roughness, gaps, and associated shadow. Optical sensor technologies -mostly LandSAT-based -have been adopted into successful national programmes for monitoring woody canopy cover changes. These include the Australian Statewide Landcover and Trees Study (SLATS) 21 , the Australian National Carbon
Accounting System -Land Cover Change Program (NCAS-LCCP) 20 , the LandSAT Ecosystem Disturbance Adaptive Processing System (LEDAPS) for monitoring North American forest disturbance 25 , and the Amazon Deforestation Monitoring Project (PRODES) 18 . Such monitoring programme is not yet in place for the savannahs of Southern Africa. Techniques, generally ranging from parametric methods (e.g. multi-linear regression 17, 21 ) to the more specialized such as non-parametric machine learning algorithms 15, 21, 47 (e.g. decision trees) and linear and non-linear spectral unmixing 19, 49 , of coarser optical pixels, have been implemented for extracting fractional canopy cover at the regional scale.
Given the sensitivity of optical sensors to photosynthetically active vegetation and the sensitivity of SAR backscatter to vegetation structure, their possible integration may yield improved woody structure estimates via the provision of complementary information which neither sensor type could provide alone. The integration of SAR and optical technologies has been successfully applied in previous studies 26, 27, 47 in dense forested environments, savannahs and plantations. None of these studies has taken into account the effects of phenology on optical imagery, especially in savannah environments with complex tree and grass phenological seasonal changes. With this in mind and to support the development of a national system for monitoring CC in South African savannahs, the objective of this study was to evaluate how well CC could be retrieved, at the 30m spatial resolution, using multi-temporal datasets of SAR (Lband ALOS PALSAR) and optical (LandSAT-5 TM) sensor data, both independently and in combination. There were two main sets of research questions. The first set of questions focused on how the accuracy of CC predictions compared when using LandSAT versus L-band dual-polarised SAR input data, whether the integration of additional optical predictor features (e.g. textures and vegetation indices) or the integration of optical LandSAT and L-band SAR data produced any noticeable improvements in CC modelled predictions. The second research question sought to ascertain the season(s) in which LandSAT-5 data predicted CC with the highest accuracies. This question is related to the fact that savannah vegetation undergoes distinct seasonal phenological changes during which the green fractional cover of grasses and woody plants varies considerably 10 . We hypothesized that the season when trees are completely covered in green foliage, while grasses are dry (Autumn/Spring), should be the best 5 period to retrieve CC. The identification of phenologically optimised optical imagery may improve CC estimation, when integrated with SAR data. CC derived from very high resolution airborne LiDAR data were used as training and validation of the models.
Study Area
The region under study includes the southern portion of the Greater Kruger National Park and national or provincial parks (southern Kruger National Park, Andover) ( Figure 1 ). The ), rainfall (mean annual precipitation of 1200mm in the west to 550mm in the east), management regimes (communal and protected) and disturbance regimes (fire, elephant damage, grazing and browsing patterns of herbivores, fuelwood harvesting). The general topography is flat to gently undulating with an average elevation of 400m 42 . The area undergoes short, dry winters and possesses a wet season (convective rainfall) with an annual rainfall between 235mm to 1000mm. Temperatures are mild (average of 22°C) with no occurrence of frost.
Materials and Methodology

Remote Sensing Data
HH/HV ALOS PALSAR L-band intensity scenes and multi-seasonal LandSAT-5 (bands 1-5, 7)
scenes were collected. The L-band imagery (2 images for each year) was acquired in winter 
SAR Data Processing
The level 1.1 PALSAR intensity datasets were processed in GAMMA TM SAR for multi-looking, radiometric calibration (from raw digital numbers to sigma nought backscatter), geocoding and topographic normalization. Multi-looking factors of 2 and 8 was applied to the range and azimuth, respectively, to best remove unwanted speckle. This was sufficient to have the majority of the speckle removed, while preserving image detail. A 20m DEM derived from 1:50 000 South African topographic maps was used for the geocoding and topographic normalization. As a final step the imagery was resampled, via bicubic-log spline interpolation function, by using a DEM oversampling factor of 1.6, to achieve a fixed spatial resolution of 12.5m to create images with a finer spatial detail.
LandSAT-5 Optical Data Processing and Derived Products
The LandSAT imagery underwent atmospheric correction with the use of ATCOR 2 which converted the raw digital number data to top of canopy (TOC, assuming flat terrain) reflectance using a Modtran-5 radiative transfer code. The default post May 2003 calibration file was used.
Dry rural, fall (spring) rural, mid-latitude summer and winter rural atmospheric models were utilised with the visibility distance set between 9.0km and 59km depending on the season and year (historical Skukuza visibility data obtained from http://weatherspark.com).
The TOC reflectance data were used as the main optical input variables to be tested.
Additional vegetation indices and image textures were derived from the best performing
LandSAT seasonal image for further analyses. This included a number of grey-level cooccurrence textural indicators (GLCM) 39 , and spectral vegetation indices which are known to be sensitive to vegetation structure (table 2) 32-38 and, for some of these, to be less sensitive to environmental factors, such as soil background or atmospheric conditions, or saturation effects. GLCM texture parameters, such as variance and entropy, were selected as they were reported to be strongly correlated with vegetation structure 24, 40 and in some case even better correlated than spectral indices 41 . Preliminary results (not shown) showed that variance, 30 was applied in the R rattle software with 35% of the data being used for model training and 65% for model validation. Due to its use of multiple decision trees, bagging and internal cross-validation mechanisms, RF is considered as a major improvement over other traditional decision tree types. The algorithm is easy to implement and is robust as it only requires two main user-defined inputs (number of trees built in the 'forest' and the number of possible splitting variables for each node 43 ).
Before its final implementation, efforts were made to test the RF generalisation by introducing an additional independent test dataset for model tuning before validation. During the tuning phase, the total number of trees ('ntree') in the forest and the RF tree complexity were varied to test their influence on accuracy whilst trying to limit the RF complexity. RF tree complexity included the minimum number of terminal nodes ('nodesize') and the maximum number of terminal nodes that the trees can have in the forest ('maxnodes') 30 . After repeating the process three times, results showed that an 'unpruned' (i.e. no limitation on a tree's depth and number of terminal nodes) tree architecture with 200 trees within the forest, yielded optimum results. Hence, the RF models were created with 'ntrees' = 200 and 'mtry' = square root of # model predictors (a rule of thumb for 'mtry' 44 ) with the trees being allowed to grow unpruned.
For the modelling process, several scenarios were assessed. The LandSAT images were first tested individually in order to ascertain the best season for predicting CC. Multi-seasonal
LandSAT scenarios were also tested by combining all available seasonal images for each year.
Seven additional scenarios using combined reflectance, texture and vegetation indices were , between 2005 to end of 2012, which was selected over tree dominated and grass dominated environments (with the help from LiDAR). A multi-temporal EVI difference product between these grass and tree dominated environments was also derived for discussion.
Results
Individual and multi-seasonal LandSAT-5 reflectance compared to SAR
When examining the individual seasonal LandSAT-5 reflectance accuracies (table 3) , the season 
Optical reflectance, textures and indices compared to and integrated with SAR data results
The top three texture metrics and spectral vegetation indices were added as additional features to the best performing LandSAT-5 reflectance dataset (April 2010) ( 
Discussion
A previous study demonstrated that L-band ALOS PALSAR data has the potential for accurate tree cover mapping in South African savannahs 15 . Since LandSAT data are freely available and routinely used for regional forest monitoring 20, 21, 25 , this study sought to compare and integrate optical imagery (LandSAT-5) and SAR data (ALOS PALSAR L-band) across various seasons in order to determine if it improves the accuracy of woody cover mapping.
We hypothesized that the season when trees are covered in green foliage, while grasses are dry, should be the best period to retrieve CC with LandSAT data, since this is when there would We plotted the grass EVI minus tree EVI graph difference through time to ascertain the periods when the difference between tree and grass greenness were the greatest ( Figure 5 ).
These were the most pronounced during brief moments in late spring or during some autumn periods, or in some cases brief summer periods in a dry year (as the case in 2007 and 2010), The integration of the SAR dataset with the best single season and multi-seasonal LandSAT-5 reflectance yielded models with the highest accuracies, which corroborates findings in previous studies 26, 27, 47 . For instance, the SAR-only and the multi-seasonal LandSAT only models explained 81% and 72% of the CC variance, respectively, while a model combining the two explained 89% of the variance. The significant increase in accuracy (7.5% improvement of SEP)
at the high end of the model performance demonstrated that optical reflectance data provided additional information which is complementary to that captured by the SAR backscatter.
Significant complementarity between SAR and LandSAT data was demonstrated by 48 with the combined datasets yielding highly accurate results within the Australian NCAS-LCCP (global classification accuracy of 90%).
Concluding remarks
This study provides important insights for monitoring woody cover in South African savannahs 14-26 (2004) 
